example data set that can be explored to understand data structure and the use of each incR To start working with incR, the user needs to have a file with temperature and time 1 1 2 information for a single nest under study. This file should consist of at least two columns: 1 1 3 date-time and temperature values. Once this initial file is prepared, the first step in the 1 1 4 pipeline is performed by incRprep, which simply prepares the dataset for other pipeline 1 1 5 components. Then, incRenv can be used to automatically assign environmental temperature 1 1 6 to every incubation temperature observation, information required by incRscan to score 1 1 7 incubation (Figure 1) . incR is distributed with sample data and, therefore, the user can 1 1 8 check the data structure needed to start the pipeline. The algorithm implemented by incRscan exploits changes in nest temperature that arise 1 2 1 from the behaviour of the incubating adult considering the difference between incubation (i.e. 1 2 2 6 temperature in the nest cup) and environmental temperatures (see Table 1 for definitions of 1 2 3 terms used throughout the paper). Four possible situations broadly exist regarding the change in nest temperature after the 1 2 5 incubating individual enters (on-bout) and leaves (off-bout) the nest. These four scenarios are 1 2 6 classified as follows: 1) incubation off-bout when nest temperature is high (close to 1 2 7 maximum incubation temperature); 2) incubation on-bout when nest temperature is high 1 2 8 (close to maximum incubation temperature); 3) incubation off-bout when nest temperature is 1 2 9 low (close to environmental temperature); 4) incubation on-bout when nest temperature is 1 3 0 low (close to environmental temperature). See Figure S1 for a visual representation of these 1 3 1 four scenarios. Cases 3 and 4 are especially sensitive to the assumption that environmental 1 3 2 temperature is lower than maximum incubation temperature (see Results and Discussion). The change in nest temperature that is expected after an incubation on-/ off-bout differs 1 3 4 across the four scenarios. Assuming that environmental temperature is normally lower than maximum incubation 1 3 6 temperature, in scenario 1, when the incubating individual leaves the nest, a sharp drop in 1 3 7 nest temperature is expected to follow (Off-bout(1) in Figure S1 ). At this point, any increase 1 3 8 in nest temperature would mean that the bird has returned to the nest (scenario 2. On-bout(2) 1 3 9
in Figure S1 ). If an off-bout occurs when nest temperature is close to the environmental 1 4 0 temperature (scenario 3), the decrease in nest temperature after the event would be small Figure S1 ). When a long off-bout brings nest temperature close to the 1 4 2 environmental one, an incubation on-bout would be reflected in a large increase in nest 1 4 3 temperature (scenario 4. On-bout(4) in Figure S1 ). These four scenarios represent simplified extremes in a spectrum of possible situations but 1 4 5 they illustrate the general principle. To explain the analytical approach in more practical 1 4 6 7 terms, I here describe the analysis of one day of incubation (day 1), using the terminology 1 4 7 employed in the R package (Table 1) . Comparing the change in nest temperature between consecutive temperature recordings in the nest or an off-bout has occurred. Rather than having a fixed threshold for the entire 1 6 0 analysis, a flexible threshold value is applied among days. Within days, the threshold to incubating individual is in the nest. The threshold for incubation off-bout in situation 3 must 1 7 4 be lower than in scenario 1 (i.e. when nest temperature is close to environmental 1 7 5 temperature); thus, the argument sensitivity, that must be specified by the user (taking 1 7 6
values from 0 to 1), allows for such reduction, setting the off-bout threshold in scenario 3 as Once these thresholds are set, temperature differences between successive pairs of data points For scenario 1 and 2,
For scenario 3 and 4, On-bout periods start after an off-bout finishes and last until A or C is fulfilled again. conservative and robust against these two potential sources of error, whenever 2 0 0 |maxDrop|>maxNightVariation is fulfilled for a particular day of study, the value of 2 0 1 maxDrop and maxIncrease of the previous day of incubation is instead used. value is set too high, real off-bouts will be missed by incRscan. Regardless of whether or not incRscan has been used to score incubation, the incR incRscan (incRplot generates a plot similar to graph 3 in Figure 1 and Figure S1 ), off-bout duration and timing (incRbouts) and nest temperature mean and variance for a to manually specify the name of the column with binary data for incubation scores (see Appendix 2 and package documentation in R). To show the potential of this approach to yield meaningful metrics of incubation, I assessed then chose the optimal values for these arguments and showed that the combination of and then compared these results to the automatic algorithm implemented in incRscan. for Ecology and the Natural Environment (n = 2 clutches; SCENE, 56° 7.73'N 4° 36.79'W) nest-box population were used. Data from the iButtons® were downloaded in the field using 2 5 1 portable devices and a single file per nest was compiled in preparation to use incR. temp.diff.threshold (from 0.5 to 10 every 0.5) (see Table 1 for definitions). When 2 6 0 testing one argument, the others were kept to default values of 1.5, 0.15 and 3 for 2 6 1 maxNightVariation, sensitivity and temp.diff respectively. This approach 2 6 2 assumes that there are no interacting effects between parameter values. However, as a 2 6 3 preliminary step in the analysis, I confirmed that that was the case. Therefore, I present here a fixed to a given value). Pearson's correlations coefficients between the two metrics. incR functions, statistical tests package´s vignette (accessible in R via: browseVignettes("incR")). Within nest-boxes, changing values of maxNightVariation did not affect the fails to yield any result as no temperature threshold would be available. This result can be 2 8 6 seen in Figure S1A : when evaluating maxNightVariation equal to 0.5°C, data from 2 8 7 only two out of eight nest-boxes were extracted by incRscan. boxes (Figure 2 ), suggesting that differences in, for example, iButtons® deployment may be 2 9 0
affecting the accuracy of the incRscan algorithm. This potential effect has been 2 9 1 qualitatively suggested before (Smith et al. 2015) and highlights the importance of collecting 2 9 2 high quality data in the field. However, the percentage of agreement was always high (> 80%, found with the default value (3 °C). The general pattern across the eight nest-boxes is that 2 9 7 values above 1.5°C for maxNightVariation give the highest accuracy (90.27%. Figure   2 9 8 S1D). Similarly, values below 0.3 for sensitivity (90.27%) and a 2 9 9
temp.diff.threshold value of 4°C (91.16%) were found to be the most accurate 0.992 (t = 24.81, p < 0.0001, 95% confidence interval = 0.971-0.998. Figure 3A) . Likewise, These results show that the method presented here can yield accurate metrics of incubation performs better than that software and yields higher correlations between video and iButton® 3 1 8 
